Network (BPBN) is proposed to retrieve total precipitable water (TPW) from the AMSR2 instrument on-board recently launched GCOM-W1 satellite. The proposed algorithm is a physical inversion method, developed using a radiative transfer model to assure that the geophysical retrieval of the TPW is consistent with the radiative transfer theory. The algorithm is comprised of-a Bayes variational algorithm for bias correction, the principal components transformation of the bias-corrected radiometric brightness temperature, and finally, a Bayesian regulation backpropagation network to translate the principal components to TPW estimate in the geophysical space. The algorithm is applicable over ocean, and in clear and cloudy scenes. However, the rainy and sea ice scenes are excluded in the retrieval. A random forest classifier and NASA sea ice temperature retrieval algorithm are used to detect and suppress the rainy and sea ice scenes, respectively. On the whole, the BPBN is a "comprehensive" algorithm, from discarding the redundant scenes to transforming the radiometric information to TPW estimate, and doesn't use any auxiliary data. This will make it very useful for assimilating into the numerical weather prediction models. The retrieval accuracy of the BPBN algorithm is around 2 kg/m 2 .
greenhouse gases within the energy and the hydrological cycle. A number of applications directly or indirectly rely on the accurate measurement of the water vapor amounts. Given a few examples, radiative transfer modeling, data assimilation, numerical weather prediction, and global climate monitoring, all are fundamentally dependent on the feedback of the water vapor amounts in their calculation and determination of the meteorological processes [1] , [2] . The water vapor anomaly may relate to the changes in cloud vertical distribution [3] . The influence of the water vapor on UV erythemal (UVER) and total shortwave (SW) solar radiation is also revealed in the literature [4] .
Generally speaking, the vertically integrated water vapor, termed as total precipitable water (TPW), is often used as a relative measure for representing the distribution of the water vapor in the atmosphere. Conventionally, radiosonde and dropsonde measurements are used to measure the TPW [5] , [6] ; however, these conventional measurements lack the easiness of capturing the global distribution of TPW in the atmosphere. Therefore, the satellite measurements have gained considerable interests within the meteorological agencies as well as the research community in providing a global coverage of the total precipitable water, in both infrared and microwave regions [7] [8] [9] [10] [11] .
Very recently, the Global Change Observation Mission 1st-Water "SHIZUKU" (GCOM-W1) satellite has been flown to the orbit with the advanced microwave scanning radiometer 2 (AMSR2) instrument aboard [12] . The AMSR2 carries a special importance within the space science community, since, its predecessor AMSR-E has stopped functioning on-board the Aqua satellite due to aging lubricant in the mechanism. One of the fundamental goals of the AMSR2 instrument is to provide a global TPW estimate by measuring weak microwave emission from the earth's atmosphere. The GCOM mission, a constellation partner in the GPM mission, is designed to construct long-term global-scale observations; therefore, this will allow the researchers to achieve global water circulation changes in a climate change perspective [12] .
In this paper, we propose an algorithm, named as Bayes Principal components Backpropagation Network (BPBN), for the retrieval of the TPW from the GCOMW-1/AMSR2 instrument. The algorithm is tested over ocean surface, and applicable for both clear and cloudy conditions. The algorithm is 1939-1404 © 2015 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.
developed through principal component analysis (PCA) and trained with the Bayesian regulation backpropagation network to retrieve the TPW. The inversion is done in a "physical" manner as the algorithm employs a radiative transfer model by constructing a training database of simulated radiances, to facilitate the "physical inversion" of the radiances representing the physical state of the atmosphere. Furthermore, to mitigate the systematic differences between the radiative transfer model simulated and real brightness temperature (TB) observations, a variational Bayes (VB) bias correction technique has been employed. Additionally, the algorithm enjoys a random forest algorithm for the purpose of screening precipitation scenes. This paper is organized as follows. Section II presents the datasets and the radiative transfer model used in this study. Section III introduces the retrieval algorithm framework, and the assessment results are incorporated. Conclusion is drawn in Section IV.
II. DATASETS AND RADIATIVE TRANSFER MODEL

A. GCOM-W1/AMSR2 Data
THE GCOM-W1 satellite has been launched on May 18, 2012 , by the Japan Aerospace Exploration Agency (JAXA). The satellite carries the AMSR-E-like conical instrument (AMSR2) having 14 channels at six different frequency bands ranging from 7 to 89 GHz. The AMSR2 provides the measurements at an altitude of 700 km. The antenna of the AMSR2 is the world's largest of its kind (2 m diameter). It rotates at a ratio of one turn every 1.5 s and obtains data over a 1450 km wide in one scan. This makes the instrument to cover 99% of the earth in 2 days.
The AMSR2 channel specifications are tabulated in Table I . As per microwave theory, the low-frequency channels are coarser in resolution, while high-frequency channels can see high resolution measurements. For instance, the 6.9/7.3 GHz channels have 35 × 62 km ground resolution, while the ground resolution for the 89 GHz channels is 3 × 5 km. Therefore, it is necessary to bring all measurement information to a single domain. In this present work, the brightness temperatures from all the channels are averaged to 7 × 12 km ground resolution. Note that, the raw brightness temperatures data are taken from Level 1R data products. Intercalibration results suggest that there is no apparent seasonal variation in the AMSR2 brightness temperatures [13] .
B. ECMWF Analysis Data
The European Centre for Medium-Range Weather Forecasts (ECMWF) analysis product has been used in order to use the TPW information for the development as well as the validation of the algorithm. The data are obtained from the high-resolution forecast and data assimilation of the operational runs (IFS cycle 38r1). In the IFS cycle 38r1, the water vapor information is produced on 91 levels. Therefore, the TPW, which is the integrated q(p)dp (1) where g is the acceleration of gravity, q(p) is the mixing ratio at the pressure levels p, p1, and p2 are the boundary of the pressures, in which the integrated amount to be calculated for.
C. Radiative Transfer Model
A radiative transfer model or the radiative transfer equation can describe the physical processes of electromagnetic radiation propagating through the medium affected by emission, absorption, and scattering processes. According to radiative transfer equation, the monochromatic intensity of the radiation at frequency ν emitted along a vertical path at a space-born instrument and at the top of the atmosphere in cloud-free condition is expressed as
where (I 0 ) ν is the emission from the earth's surface at height z 0 , τ ν (z) is the vertical transmittance from height z to space, T (z) is the vertical temperature profile, and B v [T (z)] is the related Planck function profile. If the radiation is emitted along the slant path, then approximating a plane-parallel atmosphere, the transmittance can be represented as
where θ is the viewing path angle to the vertical, ρ(z), c(z), and k(z) are the atmospheric density, absorbing gas mixing ration, and absorption coefficient at vertical profiles, respectively. Equation (2) can be written in terms of weighting function
where K v (z) is defined as the weighting function.
In this work, a radiative transfer model is employed to obtain the brightness temperatures at all 14 available channels. The model chosen is known as the community radiative transfer model (CRTM), developed at NOAA. The CRTM has the capability for rapid simulation of radiances at various sensor frequencies, providing known state of the atmosphere. As such, in the present work, the ECMWF atmospheric profiles are interpolated to the AMSR2 observations in time and space. In turn, the interpolated profiles are then fed into the model keeping the cloud profiles information, but suppressing the precipitation and sea ice profiles to limit the possible biases that may introduce. The surface emissivities are computed by the help of a surface emissivity model, called FASTEM. For the sake of analysis, learning and validation databases are constructed using considerable numbers of orbital samples.
III. ALGORITHM FRAMEWORK AND RETRIEVAL
Data mining has gained considerable interests in the remote sensing community for solving various types of retrieval problems [14] [15] [16] [17] [18] [19] . In a similar way, the retrieval algorithm presented in this work is combined of various data mining components, including the random forest algorithm for screening of precipitation, a VB for bias correction, and a PCA trained with the Bayesian regulation backpropagation network to retrieve the TPW. The retrieval algorithm starts with the screening of rain and sea ice. Following the screening, a bias correction procedure is employed on the observed TBs through the use of VB algorithm. The bias-corrected TBs are then transformed into the PCA scores; in turn, the PCA scores are fed to the Bayesian regulation backpropagation network to retrieve TPW. In this section, a detailed overview of the algorithm and its development is described.
A. Rain and Sea Ice Screening
The radiative transfer modeling in rainy condition is noticeably difficult, especially considering the fact that the scattering of upwelling radiation by the droplets could introduce biases. That is why, the precipitation scenes were rejected during the radiative transfer simulation. That means, in the retrieval process, the rainy scenes should be screened out prior to the implementation of the algorithm.
For the screening of rainy scenes, a random forest classifier is used. The classifier is constructed based on the brightness temperatures obtained from the TRMM/TMI collocated to TRMM/PR rain/no rain information as described in [15] . Only those TMI channels also available in the AMSR2 instrument are considered as the predictors to the classifier. Fig. 1 provides an illustration of the probability density functions for the used predictors in rain/no rain conditions. The predictors being used include brightness temperatures at 10V, 10H, 19V, 19H, 37V, 37H channels, polarization differences (PD) at 10, 19, and 37 GHz, and polarization corrected temperature (PCT) and scattering index (SI) at 37 GHz.
On the other hand, the retrieval over the sea ice surface is challenging. Therefore, the retrieval of TPW over the sea ice area is excluded in this work. This is done by employing NASA Fig. 1 . Probability density functions for the used predictors in rain/no rain conditions. sea ice temperature retrieval algorithm. The algorithm, in particular, is simply a relationship between ice temperature T i , the observed TB at V-pol 6 GHz channel, and ice emissivity e (assumed as 0.98) [20] 
Generally speaking, the ocean temperature must reach below the freezing point to form sea ice. Therefore, following the retrieval of sea ice temperature, a simple threshold of around −1.8
• C is used to discard the sea ice scenes [20] .
B. Bias Correction
The bias correction is an important procedure in the physical algorithm, by which the instrument measured radiometric information is corrected for, especially for the sake of adjusting the measured brightness temperatures to those produced by the radiative transfer model. A bias correction algorithm based on a VB method [21] is developed. Such development relied on a database of CRTM simulated and AMSR2 observed satellite radiances, constructed from different days. The rainy and sea ice scenes have been excluded, but cloudy scenes are kept in the database. A set of different VB models is generated for each channel. That means, the bias correction is conducted on "channel-by-channel" basis, ensuring that the inconsistencies between the CRTM model and AMSR2 measurements are neutralized.
For the sake of clarity, the histogram plots illustrating the difference between the simulated and observed brightness temperatures constructed before and after applying VB bias correction on 1-day global datasets are shown in Fig. 2 . Note that the datasets are independent from the development datasets, by which the VB models are generated. Furthermore, rainy and sea ice scenes are filtered out when constructing the histograms, but cloudy scenes are not excluded. One can note that the raw measurements those are not bias corrected are significantly deviating from the "zero" TB difference. This highlights the systematic and random biases present in the measurements. Various factors could be responsible for the discrepancy between the raw measurements and the simulated TBs. For instance, the inherent errors in the input state variables, taken from the ECMWF analysis products, may contribute the errors in the simulations. Furthermore, the surface emissivities are always difficult to model. Calibration and collocation errors should also to be accounted for when comparing the TBs. Furthermore, the radiative transfer simulation is somewhat unreliable in cloudy scenes. Nevertheless, after applying the VB bias correction algorithm, it has been possible to shift the histogram peaks near to the "zero" TB difference.
Another figure is constructed (Fig. 3) , in which, the mean bias between simulated TBs and the raw measurements is shown for the 14 channels. The biases are somewhat high, and up to 10 K bias is noticed, particularly in 36 GHz channels. The reason for such high biases could be due to the contamination of cloudy scenes in the datasets. Moreover, the initial differences between the raw measurements and radiative transfer simulations are consistently higher on the H polarization channels than the V polarization channels. This is more pronounced for highfrequency channels, especially at 23 GHz and above. It is likely that such discrepancies are related to the limitation of modeling sea surface emissivities sensitive to H polarization. However, encouragingly, the impact of the VB bias correction is noticeable in the figure. The high biases are significantly reduced and shifted to the dashed "zero bias" line. This is evident for all 14 channels.
C. PCA Transformation
Another important processing step in the BPBN retrieval algorithm is to transform the brightness temperatures to principal components. There are a few advantages in using the principal components instead of channel TBs. In one hand, the uses of all channels have been possible. On the other hand, despite the use of all channels, the dimensions of the problems can be reduced.
Therefore, PCA transformation is carried out prior to applying the Bayesian regulation backpropagation network for the retrieval of TPW. It is to be noted that the PCA loadings are obtained once offline using the learning datasets. The PCA loadings are then used to compute the principal components.
In Fig. 4 , the orthonormal principal component coefficients for each channel are visualized in a single biplot. All 14 variables representing simulated TBs are characterized by the vectors. The contribution of the each variable to the two principal components can be understood by the direction and length of the vector. The first principal component, on the horizontal axis, has positive coefficients for all 14 variables. The largest coefficients within the first principal component are the variables X10, X12, and X14, representing, 23.8H, 36.5H, and 89.0H GHz channel, respectively. For the variables X6 (10.65H GHz), X8 (18.70H GHz), X11 (36.5V GHz), X12 (36.50H GHz), and X14 (89.0H GHz), the second principal component has positive coefficients. Fig. 5 presents the explained percent variance in the TBs as a function of the number of principal components. As can be seen, a total of five principal components can explain around 
D. TPW Estimate
Once the principal components are obtained, the principal components are then ingested to the Bayesian regulation backpropagation network [22] to retrieve the TPW estimate. Again, the network is developed offline, by utilizing the learning database of the principal components coincident to the ECMWF TPW analysis information. Note that, as suggested by the PCA analysis, only five PCA components are considered and ingested. The network is trained with three-layer feed forward networks: 1) an input layer to process the inputs, 2) one hidden layer to control the network complexity, and 3) an output layer to produce the outputs. Enough neurons are allowed in the hidden layer to fit the input-output mapping problem. During the learning, the weight and bias values are computed according to Levenberg-Marquardt optimization algorithm. The minimization is performed through the combination of squared errors and weights. The correct combination is determined, in such a way, so that the network generalizes well (Bayesian regulation). It is worth mentioning that only the principal components are used as inputs to the network. Neither the brightness temperatures, nor any a priori information is used in the network. Although the inputs are the principal components, the network is designed to project the outputs into geophysical space (TPW).
Lastly, the TPW estimate performance of the BPBN algorithm is illustrated in Fig. 6 , in comparison with the ECMWF analysis TPW information, using ∼350 000 validation samples from 1-day data. One can see that, the BPBN-produced TPW estimate is well associated with the ECMWF analysis. The revealed accuracy is within the well-expected level (STD = 1.91 mm and RMSE = 1.94 mm). The reported correlation is also high (0.98).
IV. CONCLUSION
TPW, more specifically water vapor, is one of the most important parameters in the atmosphere. It is the primary source of the earth's greenhouse gas contribution, thus drives the weather and climate systems. Given the importance, the AMSR2 sensor on-board the GCOM-W1 satellite is sent to orbit to gather global environmental data record, including the TPW. This study proposes a TPW estimate algorithm for the AMSR2 instrument on-board the GCOM-W1 satellite. The algorithm, named as BPBN, is comprised of various data mining components. In particular, in BPBN, the random forest component is for screening rain/no rain formation, the VB component is for bias correction, the PCA component is for deriving the PCA scores, and the Bayesian regulation backpropagation network component is for estimating the TPW. It is found that the BPBN algorithm is able to retrieve the TPW with very good accuracy. This encourages the use of the derived TPW product from the AMSR2 instrument in global climate models and data assimilation systems. The proposed technique can also be adapted and implemented for the instruments carrying similar imaging channels.
